Abstract Kyrgyzstan is one of the most exposed countries in the world to landslide hazard. The large variability of local geological materials, together with the difficulties in forecasting heavy precipitation locally and in quantifying the level of ground shaking, call for harmonized procedures to better quantify the hazard and the negative impact of slope failures. By exploiting new advances in Geographic Information System (GIS) technology, together with concepts from Bayesian statistics, and promoting the use of open-source tools, we aim to identify areas in Kyrgyzstan where the potential for landslide activation exists. A range of conditioning factors and their potential impact on landslide occurrence are quantitatively assessed on the basis of the spatial distribution of landslides by applying weights-of-evidence modelling based on (1) a landslide inventory of past events, (2) terrain-derived variables of slope, aspect and curvature, (3) a geological map, (4) a distance from faults map, and (5) a seismic intensity map. A spatial validation of the proposed method has been performed, indicating sufficient measures of significance to predicted results. Initial results are promising and demonstrate the applicability of the method to all of Kyrgyzstan, allowing the identification of areas that are more susceptible to landslides with a level of accuracy greater than 70 %. The presented method is, therefore, capable of supporting land planning activities at the regional scale in places where only scarce data are available.
Introduction
Increasing populations and the expansion of urban settlements towards landslide-prone slopes contribute to the worldwide destructive impact of landslides (Rosenfeld 1994 ). In particular, recent studies (Petley 2012) have highlighted that most losses of life are concentrated in less developed countries, where there is relatively little investment in understanding the hazards and risks associated with landslides, due largely to a lack of appropriate resources. In line with this, it is well recognised that Kyrgyzstan represents a hotspot in terms of natural hazard with a specific link between earthquakes and landslides (Nadim et al. 2006 ). According to recent surveys referring to the time period between 1988 and 2007 (CAC DRMICentral Asia and Caucasus Disaster Risk Management Initiative, Desk Study Review 2009), 18 and 27 % of yearly reported disasters in Kyrgyzstan are due to earthquakes and landslides, respectively. In particular, more than 300 large-sized landslides occurred between 1993 and 2010, resulting in an average of 256 deaths per year (Torgoev et al. 2012 ) with substantial associated economic losses (an average of 2.5 million USD per year).
The roots of the strong hazardous component in Kyrgyzstan are based on a combination of several factors. The presence of substantial geodynamic activity linked to the collision of Eurasian and Indian tectonic plates is responsible for the development of the Tien Shan Mountains (Molnar and Tapponier 1975) . With elevations rising up to 7,439 m a.s.l., the Tien Shan is characterised by high topographic relief and trends mainly in a W-E direction. Correspondingly, the presence of many active faults is the principal source for the high seismic activity in this region (Trifonov et al. 2002) . A relatively large variability characterises the geological units, which generally consist of Cenozoic-Mesozoic deposits, mainly composed of sandstone, siltstone with gypsum inter-beds, and conglomerates. Although continental climate conditions are prevalent, the occurrence of heavy precipitation, which mainly occurs in spring, acts as an added component to hazards in cases where rocks are unconsolidated, leading to the potential to trigger landslides and to initiate floods.
Actions with the aim of understanding and controlling slope instability phenomena are therefore necessary to implement appropriate landslide risk mitigation measures. Authorities and decision makers who are responsible for regional land use planning are in the constant need for maps that show the areas that may be endangered by landslides. To this purpose, the first step is typically represented by preparing a landslide susceptibility map. Landslide susceptibility is the probability of the spatial occurrence of known slope failures, given a set of geoenvironmental conditions (Guzzetti et al. 2005) . It is the potential of a terrain to be affected by slope movements, providing an estimate of ''where'' landslides are likely to occur in the future. Additionally, landslide hazard is defined as the probability of a landslide occurrence within a specified time and within a given area of a potentially damaging phenomenon. In situations where the temporal information on past landslide occurrences is missing, determination of the probability of landslide occurrence within a defined time interval is prevented. Therefore, the analysis of landslide susceptibility is highly supportive under these limited circumstances.
The problems of landslide susceptibility and hazard have been addressed in several ways-according to the scale of analysis and the aim of investigation-during the last decades. The foundations for landslide hazard analysis were laid by Varnes (1984) . In his work, he clarified how it is possible to identify areas where a potential for landsliding exists by exploiting the uniformitarian principle, which states that ''the past and the present are the keys for the future'': slope failures in the future are more likely to happen under the same conditions that led to past and current instability. General overviews of research in the topic of landslide susceptibility can be found in the works of Soeters and van Westen (1996) , Aleotti and Chowdhury (1999) , Carrara et al. (1999) , Guzzetti et al. (1999) , Dai et al. (2002 ), van Westen et al. (2006 ), and Fell et al. (2008 . Among statistical approaches, bivariate methods-e.g., the weights of evidence (WOE)-offer the advantage of determining the influence of a single parameter in landsliding, an aspect that is particularly useful in regional scale analysis where data are poorly defined.
The reliability of landslide susceptibility and hazard maps depends on the amount and the quality of input data. The Geographic Information System (GIS) is currently adopted for improving landslide inventory mapping and spatial data analysis. Numerous studies have already showed that the spatial distribution of landslides can be better understood through GIS-based susceptibility assessments, and successful examples of regional scale analyses can be found in the work of Chung and Fabbri (2003) , van Westen et al. (2003) , Neuhäuser and Terhorst (2006) , Oh and Lee (2010) , Schicker and Moon (2012) , Holec et al. (2013) .
Landslide processes and their impacts have already been investigated in Kyrgyzstan, at the local scale. Examples can be found for the Suusamyr (Havenith et al. 2006 ) and the Mailuu-Suu (Torgoev and Havenith 2013) regions, as well as for South Kyrgyzstan (Roessner et al. 2005 ). Nevertheless, a robust statistical analysis of country-wide landslide susceptibility as well as of the existing relationships among the most influential factors across the country, at a regional scale, is not achieved yet.
With these premises, the principal aim of this manuscript is to investigate landslide susceptibility and the related contributing factors in Kyrgyzstan, using a WOE and GIS environment. Topographic and tectonic causative factors have been selected and corresponding maps have been prepared in GIS. Weights for different categories of these factors have been statistically determined and then integrated into the GIS to prepare landslide susceptibility maps for the country.
Furthermore, an inventory of past landslides, including information about the date of occurrence and a detailed description of failure mechanism, is currently missing. Evaluating landslide susceptibility when limited background information and data are available constitutes a constant challenge for engineers and geologists in their efforts to cooperate with planners and government bodies. This work will try to overcome this difficulty. The presented approach will promote the implementation of open source software (QGIS, GRASS, R), and take advantage of their ease of distribution, an aspect that is particularly desirable in developing countries such as those in Central Asia.
Study area
A range of different slope failures have affected the study area: mainly landslides, rockslides and rock avalanches.
Based on the type of dominant process, slope failures in Kyrgyzstan are subdivided into: (1) mass movements along the slope surface occurring in soft and semi-hard rocks, and (2) rockfalls occurring in steep cliffs and semi-hard and hard-rocks. In particular, the majority of slope failures are confined to mountainous regions, at an altitude ranging from 800 to 1,200 m.
To date, 5,000 potential active landslide sites have been identified in Kyrgyzstan (Kalmetieva et al. 2009) , with 80 % of landslides located along the borders of large depressions in Cenozoic-Mesozoic deposits where the presence of fine dispersed lithologies-e.g,. clays, argillites-in combination with the level of natural moisture enhances the development of slope instability. In most of the cases, these materials are covered by Quaternary loess deposits that-being relatively thingenerally develop as earth flows and superficial washout. On the other hand, rockslides and rockfalls tend to be close to tectonic faults, and their size is not considerable.
A significant number of large landslides (size in the order of millions of m 3 ) have been recorded in the Kyrgyz territory, some of which are shown in Fig. 1 .
Among others, on 14 April 1994, a major landslide in the Osh-Jalal-Abad region killed 111 people, and affected (e.g., injured, damaged houses) another 58,500 (Moldobekov et al. 1997 (Fig. 1) -among the strongest known earthquakes (I = IX-X) to have occurred in the region (Havenith et al. 2006; Kalmetieva et al. 2009 ). Furthermore, Strom and Korup (2006) provided evidence of two rockslides, the Chukurchak and Sarychelek slope failures, which date back to prehistoric time.
The Jalad-Abad Province has been selected as study area, given the wide variability of landslide factors in the area. Additionally, as can be seen from histograms of frequencies (Fig. 2) , the distribution of landslide factors Fig. 1 Location map of the study area and some of the strongest past earthquakes and landslides. In particular, the 1992 Suusamyr (1) and the 1946 Chatkal (2) earthquakes are known to have triggered a large number of slope-failures. Among the largest landslides, the 1994 OshJalal-Abad (3), the 2004 Aloy (4), the 2004 Kara-Sagot (5), the Chukurchak (6), and the Sarychelek (7) are shown Fig. 2 Histograms of frequencies relative to classified potential landslide factors in Jalal-Abad Province (left) and over all of Kyrgyzstan (right) in Jalal-Abad area is comparable to the one concerning the entire Kyrgyz country. For this reason, this area is considered representative of the existing relationships among landslide factors in Kyrgyzstan.
Among different types of slope failures in the area, for the purpose of this study only landslides occurring in soft materials are addressed, as they are the most represented class.
Data preparation
The primary steps in landslide susceptibility assessment are data collection and the construction of a spatial database. Usually, the identification of factors correlated with slope instability is based on the choice of physically based indicators . For the present study, slope gradient, slope aspect, profile curvature, geology, distance from faults and seismic intensity have been selected. An inventory of landslides in the region has been compiled and used as a reference data set. Slope gradient, slope aspect, and profile curvature have been derived from the NASA released Shuttle Radar Topographic Mission digital elevation model, with a spatial resolution of 81.7 m (SRTM 2004). Geology, distance from faults and seismic intensity maps have been converted into raster format and then resampled to the same spatial resolution of the topography.
Slope gradient
The stability of a slope is known to be highly dependent upon the slope angle and its material properties (Terzaghi and Peck 1967) . The slope is presented in degrees ranging from 0°to 88° (Fig. 3a) ; for the purpose of this study, slope values have been divided into four bins with approximately the same number of features (quantile classification), 0°-6.6°, 6.6°-16.6°, 16.6°-27.5°, [27.5° , to facilitate the comparison of results.
Slope aspect
Aspect is defined as the direction of maximum slope of the terrain surface. In landslide susceptibility analysis at the regional scale, the influence of slope aspect is typically taken into consideration, although in some cases its importance has been questioned . For the selected areas (Fig. 3b) , a classification based on azimuth being divided into eight bins (North, North-East, East, South-East, South, South-West, West, North-West) has been carried out.
Profile curvature Curvature represents one of the topographic attributes that are also commonly included in a landslide susceptibility analysis (Alalew et al. 2004) . Two possible outputs of this variable are possible: profile curvature, which is defined as the second derivative of the slope with respect to the maximum steepness direction, and plan curvature, which is perpendicular to the direction of the maximum slope. The profile curvature is known in that it affects the acceleration and deceleration of flow, and therefore influences erosion and deposition. For the selected area (Fig. 3c) , profile curvature values have been classified (quantile classification) into four bins, -0.02507 to -0.00101, -0.00101 to -0.00005, -0.00005 to 0.00095, 0.00095 to -0.01891.
Geology
Lithology plays an important role in landslide susceptibility studies, because different geological units have different slope failure behaviours. For example, old rocks are clearly less prone to landslide occurrence than more recent lithologies, due to their higher compactness.
For our study, geological information has been obtained from ''The Geological Map of Central Asia and Adjacent Areas'' (Tingdong et al. 2008 ), scaled 1:2,500,000; overall, the study area is covered by a range of different sedimentary formations, mostly dated to the Quaternary, Neogene, Paleogene, Cretaceous, Jurassic, and Triassic periods. Igneous rocks related to the Palaeozoic epoch are also present.
Based on this information, stratigraphic units have been digitised and classified into Paleozoic, Mesozoic and Cenozoic units (Fig. 3d) .
Distance from faults
The presence of major lineaments is among the important factors governing the stability of slopes (Varnes 1984) . Tectonic structures form zones of weakness in rocks and might accelerate the process of slope failures. In landslide susceptibility studies, the distance from lineament features (i.e., faults) is typically used to investigate any cause-effect relationships between lineaments and landslide occurrence (Gemitzi et al. 2011; Pradhan et al. 2010) . The entire Kyrgyz territory is covered by a large number of active faults. The largest fault is the NW-SE trending TalasFergana fault, accounting for a total horizontal displacement of 200 km (Kalmetieva et al. 2009 ). For our analysis, fault lines were derived from the 1:2,500,000 scale geology map and four-buffer zone maps (\1 km, 1-5 km, 5-10 km, [10 km) were prepared in GIS (Fig. 3e ).
Seismic intensity
As the study area is strongly affected by earthquakes, it is necessary to take seismic ground shaking into account as a triggering factor for landsliding. In this study, ground shaking is expressed through the observed macro-seismic intensity (MSK 64), as part of a comprehensive database recently produced for Central Asian countries (Bindi et al. 2012 ). Information about historical earthquakes occurring in various locations in Kyrgyzstan reveals that the resulting observed effects are associated with maximum intensity values ranging from I = VII to I = IX. Starting from these observations, seismic intensity values with a 10 % probability of being exceeded in 50 years have been estimated by Bindi et al. (2012) for all Central Asian countries including the study area. Overall, this study returned intensities of VIII and IX, as expected in the future for all Kyrgyz territory. After importing values to GIS, a raster map has been created and the values have been categorized into three classes: I = VII, I = VIII, and I = IX (Fig. 3f) . Although intensity values have not been provided at each single landslide location, such a map provides a good suggestion about future intensities, and hence the potential for landslide triggering.
Landslide locations
A landslide inventory represents an essential ingredient for carrying out landslide hazard analysis at the regional scale . It helps in identifying locations of previous landslides in order to be able to predict future failures. There is no agreement on the technique for the preparation of landslide inventory maps; researchers usually adopt different inventory maps where landslides are shown as points, scarp, and seed cells (Yilmaz 2010) . Small-scale maps may only show landslide locations (points strategy), as due to the scale of the map, it is not possible to draw the landslide extension. On the other hand, large-scale maps may distinguish between source and deposit areas (Yilmaz 2010) .
For the purposes of this study, we applied point strategy and considered only one type of mass movement. Therefore, a selection of landslide locations has been defined on the basis of published information (Kalmetieva et al. 2009 ), and their distribution has been mapped (Fig. 3g ).
All the input parameters have been arranged in raster format with a cell-size equivalent to the SRTM digital elevation model.
Weights-of-evidence method
In this study, the weights-of-evidence method is used for generating a landslide susceptibility map. The weights-ofevidence method is a data-driven quantitative method used to combine evidences in support of a hypothesis (BonhamCarter 1994) . The method was originally developed for medical studies, and has subsequently been applied to other disciplines like, e.g., identifying mineral deposit potential (Bonham-Carter et al. 1989) .
With respect to other methods, the weights-of-evidence method has been successfully used in previous landslide susceptibility studies for examining the distribution and spatial relationships of particular features. The method offers a flexible way of testing the importance of various input factors to the potential of slope failure, providing a simple statistical and straightforward tool that allows the calculated weights to be interpreted. Although already carried out in large scale contexts, the method has not been previously tested in data-scarce regions.
Within the context of landslide susceptibility analysis, the influence of landslide potential factors (evidence) on the occurrence of landslides themselves (hypothesis) is assessed. Weights for each landslide causative factor are calculated based on the presence or absence of landslides within the study area.
Theory of weights-of-evidence
Considering a given number of cells affected by landslide phenomena (NfLg), then the prior probability of landslide occurrence PfLg within the studied area T is expressed by (Bonham-Carter 1994) :
This initial estimate can be increased or decreased based on the relationships between landslide potential factors and landslides. In particular, the probability of finding a landslide potential factor within the studied area is given by: PfFg ¼ NfFg=NfTg.
Supposing that a landslide potential factor occurs in the studied area, and that a number of known landslides occur preferentially within the factor, it is possible to indicate the probability of finding a landslide given the presence (F) or the absence (F) of a factor, through the definition of conditional probabilities:
b Fig. 3 Landslide potential indicators for Jalal-Abad Province, western Kyrgyzstan (see Fig. 1 ). a Slope gradient, b slope aspect, c profile curvature, d geology, e distance from faults, f seismic intensity, and g landslide locations maps (all have a spatial resolution of 81.7 m, as provided by SRTM DEM). Sources of these parameters are outlined in the text Fig. 3 continued Fig. 3 continued Landslide susceptibility analysis in data-scarce regions 1125
where PfFjLg and PfFjLg are the conditional probabilities of being and not being within the factor, given the presence of a landslide. Equations (2) and (3) can be expressed in an odds-type formulation, where the odds, O, are defined as:
The weights for a landslide potential factor are, hence, defined as:
In the weights-of-evidence method, the natural logarithms of both sides of equations are taken, resulting in:
In case the influence of several factors on the distribution of landslides is taken into analysis, then the summation of the weights of each factor is used, provided that these factors are conditionally independent. The general expression for combining i ¼ 1; 2; 3. . .n landslide factors is:
If the ith factor is absent, then W þ becomes W À . The difference between positive and negative weights is known as the weight contrast (
, and provides a useful measure of the overall spatial correlation between a certain class of factor and the occurrence of landslides (Bonham-Carter 1994) . A positive C indicates that the causative factor is present at the landslide location, and its magnitude is a measure of the positive correlation between the presence of the causative factor and landslides. On the other hand, a negative C is used to assess the importance of the absence of the factor in landslide occurrence. Factors with contrast values around 0 have no significant connection with the occurrence of landslides. The statistical Fig. 3 continued significance of the weights can be verified by calculating their variances (S 2 ) together with the studentised contrasts (C=SðCÞ) by means of the following equations:
A script code in R has been prepared to perform the necessary calculations.
Test for conditional independence
In weights-of-evidence modelling, it is typically assumed that factors, which have been outlined in ''Data preparation'', are conditionally independent with respect to landslide occurrences.
It can be shown that Eq. (8) is equivalent to:
The left side of Eq. (12) indicates the observed number of occurrences in the overlap zone, where bothF 1 and F2 are present, while the right side represents the expected number of occurrences in this overlap zone. A contingency table can be prepared based on this relationship for testing the conditional independency of two factors (Table 1) . The Chi square values are calculated at the 99 % significance level and one degree of freedom, and compared with table values. Calculated Chi square values greater than 6.64 suggest that the pairs are not significantly different. In our study, conditional dependency exists between distance from faults and seismic intensity (v 2 ¼ 9:579), while geology and distance from faults are conditionally independent of each other (v 2 ¼ 0:320). This means, for example, that the pair distance from faults-seismic intensity should not be used together to map landslide susceptibility. On the contrary, the pair geology-distance from faults could be combined. Therefore, four models are derived starting from independent factors ( Table 2) .
Susceptibility results
The landslide susceptibility analysis has been conducted for the Jalal-Abad region over a landslide sample consisting of 1,347 landslide locations. Specifically, 50 % of the total number of locations have been randomly selected in the study areas, and then used as the ''training data set''. The remaining 50 % of locations have been used as the ''test data set'' for validating results. The ''training data set'' of landslides has been overlaid with each landslide potential factor to calculate weights and the statistical parameters representative of existent spatial relationships (Table 3) by applying Eqs. 4, 5, 8, 9, 10, and 11. As can be seen, the most noteworthy classes of parameters with a positive impact on slope instability are: slope gradient 6°-16.6°, north-facing slope aspect, profile curvature -0.00101 to -0.00005 (1/m), Mesozoic-aged lithologies, distance from faults greater than 10 km, and seismic intensity values (MSK 64) equal to IX. Furthermore, the highest contrasts (C=S C ð Þ) values are found for the geology factor, while the lowest ones are for profile curvature.
Based on the weights calculations, landslide factors maps have been re-classified according to their positive or negative correlation with landslide locations. A landslide susceptibility zonation map has hence been obtained by combining previously calculated contrast values with reclassified factors maps based on:
where LSI indicates a Landslide Susceptibility Index and Cij represents the contrast for the ith bin of the jth factor. Precisely, five different landslide susceptibility maps have been prepared by combining those landslide factors that have been found to be conditionally independent of each other (Table 4) , and by considering all factors together. The result of the summation is a continuous interval of Dist. faults -
9.579
Seismic intensity -
Conditional dependency is highlighted in bold
Landslide susceptibility analysis in data-scarce regions 1127 Table 3 Class, computed weights, variances and contrast values obtained from the application of the weights-of-evidence method to the Jalal-Abad study area . Afterwards, susceptibility values were classified into ten equal-sized sectors corresponding to different levels of susceptibility (Fig. 4) . In particular, it can be observed (Fig. 4) that high LSI levels are present in the southern area, precisely along the eastern border of Fergana valley, where slope values mostly range from 0.0°to 16.6°, and the majority of past landslides are also distributed. In addition, high landslide susceptibility are recognized across the Jalal-Abad Province region, though the lack of landslide observations. This latter result might indicate the potential for landslide activation, and therefore, serve as input when estimating landslide risk.
Based on these results, the landslide susceptibility model calibrated for this region can be considered reliable, as the input landslide factors are good indicators of existing variability conditions.
Validation
To check the predictive capabilities of any model, an essential requirement is to carry out a validation of the results. Without some kind of validation, such results are useless, since there is a lack of knowledge of the degree of confidence in the model, a crucial element for transferring results to end users and stakeholders .
Cross-validation is commonly used for assessing the capability of results from a statistical analysis to be generalized to an independent data set. The procedure consists of partitioning a sample of data into complementary subsets. The analysis is, then, performed on one subset, named the ''training set'', and the validation carried out on the other subset, named the ''test set''.
In the field of landslide hazard assessment, the crossvalidation of the results is commonly carried out by partitioning the data in time or in space . When the temporal approach is chosen, landslide occurrences are subdivided into two subsets referring to different time periods, typically named ''past'' and ''future'' landslides. This approach is meant to construct the prediction model based on ''past'' occurrences, and then to validate the results with respect to ''future'' ones. When temporal information is missing, space robustness validation is commonly applied.
The validity and accuracy of landslide susceptibility maps are typically ascertained with the help of success-rate and prediction-rate curves in combination with the area under the curves. The curves provide information about the relationship between the percentage of area identified as being landslide susceptible and the actual landslide occurrences. In particular, success-rate curves show how good the susceptibility model is in fitting the landslides that have already occurred; prediction-rate curves provide quantitative information about landslides that might occur in the future. The area under the curve provides a measure of the total accuracy based on the rate curves, where a total area equal to one indicates perfect accuracy. The common procedure consists of sorting in descending order the calculated index values that refer to the total number of cells in the study area. Landslide susceptibility results are hence cross-tabulated with landslide locations, and presented as a cumulative frequency diagram.
When comparing the landslide training data set with landslide susceptibility maps, 77.211, 60.420, 57.721, 79.160, and 68.966 % of landslides are found in the 20 % of highest susceptibility classes of model A, B, C, D, and E, respectively. Related accuracy values are equal to 0. 794, 0.734, 0.723, 0.686, 0.805 (Fig. 5a ). On the other hand, comparing the landslide test data set with the five landslide susceptibility models, 75.537, 60.299, 58.060, 79.104, and 66 .119 % of landslides are found in the 20 % of highest susceptibility classes of model A, B, C, D, and E, respectively. Correspondent accuracy values are equal to 0.788, 0.733, 0.715, 0.691, 0.801 (Fig. 5b) . Landslide susceptibility analysis in data-scarce regionsModel E shows the highest accuracy (AUC = 0.800), and has hence been used as a basis for extension to all the Kyrgyz territory. The resulting landslide susceptibility map (Fig. 6 ) emphasizes the relatively high potential for landslides over the entire country, specifically along the eastern boarder of Fergana valley, in the South of Talas Province, and in Issyk-kul district. It has to be noted that high levels of susceptibility can be found in the Naryn Province, where the conditions for slope failures exist though the scarce occurrence of past landslides.
Discussion
The analysis of results reveal that the most influential factors to slope instability, sorted according to their values of contrast, are: the class of Mesozoic materials, the class IX of seismic intensity, the class 6.6°-16.6°of slope gradient, distance from faults greater than 10 km, the class 292.5°-22.5°of slope aspect, and the class -0.00101 to -0.00005 of profile curvature. In addition, the classes linked to the highest slope stability probabilities are: the class of Paleozoic materials, the class of slope gradient greater than 27.5°, the class VII of seismic intensity, distance from faults less than 1 km, the class 157.5°-202.5°of slope aspect, and the class -0.00005 to 0.00095 of profile curvature.
Precisely, relatively high slope values do not imply landslide occurrence, in agreement with the existing evidence (Havenith et al. 2006 ) that most landslides in Kyrgyzstan occur on relatively low slope angles (\20°). Clearly, a relatively low slope angle is associated with the presence of soft materials, due to their mechanical properties. Moreover, given that most settlements are located in relatively low-slope regions, an increase in the overall landslide risk assessment is to be expected.
The influence of geology is also clear, since there is an increase in the contrast values from the older geological units to the more recent ones. This agrees with the fact that, especially in northern Kyrgyzstan (Kalmetieva et al. 2009 ), most landslides are found on Quaternary materials. A relatively high degree of rock fracturing might be responsible for the occurrence of slope failures in Mesozoic rocks, as revealed by the high contrast values. On the other hand, it is clear that Palaeozoic materials have no connection with landslide initiation.
At a relatively large distance from the faults ([10 km), an increase of landslide occurrences can be observed. The presence of relatively deep hypocentres might be the reason for a considerable surficial distance between fault lines and landslides, even beyond 10 km. This evidence, in line with what has been previously shown (Gemitzi et al. 2011) , confirms the influence of neotectonic lineaments and fault density on landsliding phenomena.
With regard to slope aspect, small contrast values clearly indicate the partial contribution of this factor in the susceptibility analysis. Nevertheless, the presence of southwest monsoon winds might make south-facing slopes relatively wet and undisturbed, while leaving north-facing slopes drier, less vegetated, and consequently, more exposed to landslide phenomena. In agreement with this statement, similar evidences have already been provided for Central Asia (Strom 2013) .
Most of past landslides are linked to negative values of profile curvature, which correspond to convex-shaped slopes. Although having small contrast values, the control of convex morphologies in slope instability can be explained with local seismic amplification phenomena occurring in topographic ridges.
As far as the seismic input is concerned, earthquakes of magnitude around 7 are expected in order to approximate the identified seismic intensity values of VIII and IX. According to observed seismicity, it is possible to find evidence of past earthquakes with magnitude of 6.8-7 having an impact on the investigated areas. It has to be underlined that, despite alternative seismic input parameters being possible, in this case, the intensity assigned at the site accounts for all the possible combinations of magnitude and distance determining ground shaking at the site. Therefore, for the purpose of the actual landslide susceptibility analysis, seismic intensity is certainly more reliable than other energy-related parameters like PGA.
Even though conventional landslide susceptibility analyses do not incorporate triggering information (Fell et al. 2008) , the present study also considers the inclusion of the seismic input, in line with susceptibility analyses previously presented by Schicker and Moon (2012) , who included rainfall, and Holec et al. (2013) , who included both seismicity and rainfall. Besides, given our focus on investigating the potential for landslide activation over a large territory, only seismicity has been considered as the triggering mechanism. While having an impact on slope instability, the effect due to precipitation might only have a local influence, and therefore is out of the scope of this study.
An important issue in landslide susceptibility studies is represented by the influence on the final susceptibility values of transforming continuous variables into discrete variables. In this respect, Remondo et al. (2003) b Fig. 4 Landslide Susceptibility Index (LSI) maps for the Jalal-Abad study area, Kyrgyzstan, based on combinations of conditionally independent factors (Model A, B, C, D), and a combination of all factors (Model E). Normalised susceptibility values are shown. The yellow circles indicate previous landslide locations (training data set) (Fig. 3f) demonstrated how the predictive capability of validation curves obtained from input data, which were classified into only a few intervals, and the outcome from almost continuous variables, are quite similar. Based on this consideration, landslide potential factors have been classified in such a way as not to have many classes in the analysis. As a general observation, it can be stated that increasing the number of classes in landslide factors leads to unstable results. Overall, the operation of classifying susceptibility values is an ongoing topic of debate within the scientific community, given that there are no reference rules on categorizing data (Alalew et al. 2004) . In this study, susceptibility values have been normalized and hence classified into ten equal-sized sectors corresponding to different levels of susceptibility. In this way, a quantitative comparison among landslide susceptibility maps is achievable, together with a statistically reproducible framework.
Based on the analysis of accuracy values for susceptibility models (Fig. 5) , it can be seen that most susceptibility models show AUC values greater than 0.70, and can therefore be accepted as significant. Model E has ultimately been chosen as applicable to the entire country, it being the most accurate model. Given that the condition of total independency among factors has never completely verified in nature (Bonham-Carter 1994), we have not excluded the combination of those factors known as the most relevant to landslide initiation in Kyrgyzstan, similarly to what has been carried out by Dahal et al. (2008) and Pradhan et al. (2010) in Nepal and Malaysia, respectively.
Our results demonstrate the applicability of the weightsof-evidence method for landslide susceptibility mapping in a data-scarce region like Kyrgyzstan. The selected study area offers a significant variability in parameters together with statistical consistency among factors; hence, an attempt at extension to all of Kyrgyzstan has been carried out. Our method can be effectively used for detecting landslide-prone areas at the regional scale, and for identifying the most important factors inducing slope failures.
Moreover, for regional scale analyses of landslide susceptibility, overestimating the number of landslides is a common problem. In order to tackle this problem, the adoption of one single landslide point per unit area has been considered in the present study (Neuhäuser and Terhorst 2006) . 
Conclusions
Landslides pose a serious threat to human life and human facilities. One of the preliminary steps in the direction of minimizing landslide risk is represented by susceptibility map preparation. A landslide susceptibility map divides an area into categories ranging from more stable (or less susceptible) to less stable (or more susceptible). Moreover, areas currently free of landslides with a potential for future slope instability are identifiable. Consequently, the map can be used as a tool to support disaster management and planning activities at the regional level.
We propose an approach with the aim of preparing a landslide susceptibility map using the relationships between known landslide locations and the most significant factors to landslide activation, in high seismically prone regions like Central Asia. As an example, we presented an application of this method-together with a sensitivity analysis-to the Jalal-Abad Province in Kyrgyzstan, and we provided a landslide susceptibility map for the whole of Kyrgyzstan. Results have been cross-validated by the comparison between training-control landslide locations and susceptibility values. The method, successfully applied to the data-scarce country of Kyrgyzstan, helped in identifying landslide-prone areas, with greater than 70 % accuracy in fitting the input data and in predicting future landslides. As a consequence, the map offers sufficient reliability measures for planning purposes and represents a basis for extension to all Central Asia.
Based on the outcomes of this study, we conclude that geology plays a critical role in guarantying slope stability. Mesozoic materials are found to be the most responsible for landslide initiation. The huge variability of these materials (soft and semi-hard rocks, principally deposits of clays, argillites, sandstones, limestones-often covered by Quaternary loess), prevents us from discriminating the influence of specific rock types, which would add more value to the analysis. The contribution of rock structure to instability is also clear, given the fact that most of the landslides occurred in places with relatively moderate slope gradient values (6°-16°). Additionally, due to the presence of neotectonic lineaments all over the country, the strength of rock materials is reduced and slopes are made unstable. It has been observed that, at a certain distance from faults, slope failure phenomena are quite severe. Our results show that the highest level of susceptibility to landslide activation exists along the eastern border of the Fergana valley, as well as in the south of Talas Province and in the Naryn Province.
In remote areas like Central Asia, a complete landslide inventory is not easily achievable. Therefore, actions to minimize uncertainty in known landslide locations should be considered in order to improve the spatial correlations between landslides and causative factors. This action will in turn help in better constraining the influence of classified susceptibility values.
Furthermore, for landslide hazard evaluation purposes, the inclusion of the temporal aspect to results would be necessary. The susceptibility model might be constructed by adopting a landslides map referring to a ''previous'' period; the validation would subsequently be performed by using current or past landslides, provided that such temporal information about the landslides' occurrence is available. In order to achieve this task, a more complete landslide inventory is under construction.
Considering the inclusion of seismic information, the present study may be considered as a step forward, since conventional susceptibility analyses typically do not incorporate triggering information. In Central Asia regions, the influence of precipitation on landslide initiation cannot be excluded, though it might have only local influence. Accordingly, we are currently collecting precipitation data covering the Kyrgyz country, which will later be incorporated into the statistical analysis. Moreover, in order to account for the influence of human activity on slope instability, the inclusion of environmental factors such as distance from roads and land use will be part of future work.
Although landslide studies had been already started in Kyrgyzstan, a sound statistical methodology for landslide susceptibility and risk mapping applicable to the entire country was not previously tested. Thus, this paper, far from being a local investigation, provides national authorities with a regional landslide susceptibility map that will serve as a prelude for cross-border landslide risk mitigation activities.
